Apples (Malus pumila Mill.) are widely cultivated in 95 countries and regions around the globe. China is the world's largest producer of apples. Prediction of apple yield in the context of climate change has become an important topic of research. The study sites in this investigation include 28 apple-producing base counties located in the Shaanxi province of the northwest Loess Plateau. In this study, grey relational analysis was used to examine 88 climatic factors and to extract those factors that significantly influence the meteorological yield (MY) of apples. A support vector machine (SVM) was used to make a quantitative prediction of changes in MY in the apple-producing areas of Shaanxi province from the years 2000-2099 under 2 climate change scenarios, RCP 4.5 and RCP 8.5. In addition, fuzzy information granulation was used to analyze the variation trends and variation spaces of MY from 2020 to 2049 and 2050 to 2099, compared with the 1990-2019 reference period. The results showed that for the 10-day and monthly climatic factors affecting the MY of apples, climate resource factors are more influential than meteorological disaster factors and spring factors are significantly more influential than other seasonal factors. Overall, there are more and broader climate resource factors affecting MY, and spring climatic conditions are more important for it. In the RCP 4.5 scenario, 9 base counties showed slight decreases, 2 counties showed significant decreases, 15 counties maintained or had slightly increased, and 2 counties showed significant increases. The variation of unit yield was − 1.44-1.85 t/ha. In the RCP 8.5 scenario, 10 base counties showed slight decreases, 2 counties showed significant decreases, 12 counties maintained or had slightly increased, and 4 counties showed significant increases. The variation of unit yield was − 2.43-2.78 t/ha. For both future climate change scenarios, the uncertainty of MY increased with time.
Introduction
Apples (Malus pumila Mill.) are widely cultivated in 95 countries and regions around the world. In 2013, world fruit production was 203,579,000 t, of which 82,162,000 t were apples, accounting for 40.4% of the total. China is the world's largest apple-producing country. In 2014, China produced 40.6 million t of apples, accounting for 48% of the total world apple production (FAOSTAT 2018) .
In China, apple-producing areas can be divided into 4 major apple-growing areas; the northwest Loess Plateau is China's largest and is also a region that has great yield increase potential associated with climate change. The major appleproducing areas in Shaanxi province are located in the northwest Loess Plateau. There are many apple-producing base counties/districts that mainly employ contiguous cultivation. The ecological environments for apple growth are generally consistent within the region and the cultivation area, and yield of the main cultivar, Fuji apples (Malus pumila Mill. cv. Fuji), exceeds 70%, accounting for 29.3% of the apple cultivation areas in China, translating to an annual yield of 9,880,100 t. The recent total annual value of industrial apple production was 4.079 billion US dollars (Li et al. 2014 ; National Bureau of Statistics of China 2016).
Precipitation, temperature, and solar radiation are the major climatic factors affecting apple growth and yield (Pu et al. 2008; Fujisawa and Kobayashi 2011) . Changes in meteorological factors can greatly influence annual changes in apple yield . Some studies have analyzed the causes of changes in apple yield in China during different years and found that decreased winter temperatures, spring frosts, and high temperatures and aridity in summer and autumn are major meteorological factors limiting the growth of apple trees. This is particularly true during the flowering and maturity stages in the Shaanxi apple cultivation areas (Eccel et al. 2009; Qu et al. 2013) . Temporally extrapolating global climate change, it is predicted that the concentrations of greenhouse gases will increase, resulting in elevated temperatures and changes in the spatiotemporal distribution of precipitation. By 2050, China's mean annual temperature is forecast to increase by 2.3-3.3°C, and by 2100, the mean annual temperature is projected to increase by 3.9-6°C. Compared with the 30-year mean rainfall from 1961 to 1990, the mean annual rainfall has been predicted to increase by 10-12% (Ding et al. 2006) . Agroforestry is the industry that is the most sensitive to climate change. Northwest China is particularly susceptible to changes in climate and is an ecologically fragile belt (Guo et al. 2006 ). In the last 50 years, climate warming and drying in this region have been significant, and these changes have already impacted apple yield (Xin et al. 2015) .
In order to study the effects of climate change on apple production in China, we must carry out the simulation and prediction of apple growth, development, and yield under different climatic conditions. Conventional crop models clearly describe the process and mechanisms of yield formation. Currently, the EPIC model is being used to study the yield of fruit trees over many years (Zhang et al. 2011) . However, there are many parameters used in the EPIC model and these parameters are difficult to obtain. In addition, the spatial scale of this model is at the orchard level, which is smaller than the county-level scale of apple base counties. There have been no reports on the application of fruit tree yield models at larger spatial scales and no fruit tree yield models currently exist that are suitable for application at the spatial scale of this study.
The meteorological estimated yield model is another commonly used prediction method for crop yield. In this method, the statistical relationship between meteorological data and crop yield is established and a statistical model is then constructed by taking additional factors into consideration. Finally, a mathematical model is utilized to derive the crop unit yield prediction. This method divides total crop yield into trend yield, meteorological yield (MY), and random yield. First, historical yield data are used to construct an equation to calculate trend yield. Analysis is then performed to obtain MY. In this method, MY is the annual fluctuation of yield caused by fluctuation of meteorological conditions. Trend yield is a long-cycle yield component that reflects productivity development levels over historical timespans, i.e., technical yield. Random yield is the yield component that is affected by disease, pests, social unrest, and other stochastic factors. Random yield accounts for a small proportion of total crop yield and is usually not considered in actual calculations (Fang 2011; Wan et al. 2016) . The MY comprehensively considers the effects of early and mid-late stage meteorological factors that affect fruit yield over a single year. This yield component can better explain yield fluctuations in fruit trees in different years associated with climate resource allocation during different time periods. MY is the most effective component for studying the changes in fruit yield associated with climate change and provides a method for predicting apple yield at a regional scale in China's apple-producing areas as well as in other appleproducing countries. An analysis of major meteorological factors that constituted the MY of fruit trees was the foundation and key for the development of MY estimation model (Xin et al. 2015; Xu et al. 2015) .
Apple trees are an important type of economic fruit tree, and their yield is intimately associated with financial gain. Prediction of fruit yield from crops such as apples significantly impacts the economic development of many countries. One example is a research project by Aggelopoulou et al. (2011) in which image analysis was employed to study the flowering distribution and flower density variability in apple orchards in Greece which led to the development of an apple tree analysis algorithm based on image processing. Photographs of trees in full bloom were used to predict yield, with a prediction error of 18%. Papageorgiou et al. (2013) simulated the yield of apple orchards in central Greece and employed dynamic influence graphs to study yield classification models for apples. The aforementioned studies were mainly used in the early prediction of apple yield. A shortcoming of this approach is that changes in factors affecting yield during the later stages of apple growth were not considered. In addition, the time series of these studies were relatively short and did not include sufficient quantitative analysis of long-term effects on apple yield. These projects also failed to consider the effects of factors other than flowering quantity on yield.
There have been very few quantitative studies on the effects of elevated carbon dioxide concentrations, higher temperatures, increased rainfall, and changes to other climatic factors associated with climate change on fruit yield in the Loess Plateau (Wan et al. 2016; Xu et al. 2015) . A possible reason for this dearth of research may have to do with the fact that the growth and development of crops are influenced by the integrated effects of many environmental factors, and abnormal changes to each environmental factor will ultimately affect yield (Zhai et al. 2005) .
However, it is certain that climate change will inevitably have significant effects on apple yield in China's major production areas. Therefore, accurate prediction of the response of apple yield to climate change is a prerequisite for the adaptation of China's apple industry to climate change. To achieve this goal, certain questions need to be addressed. How are the effects of climate change on apple yield and production related to various climatic factors? By 2099, what will be the magnitude of the effects of climate change on apple yield? With respect to apple cultivation in Northwest China, will climate change have mainly positive effects or negative effects? These questions are currently unanswered.
In this study, we carried out the analysis and prediction of variation trends in apple yield in apple-producing areas in Shaanxi province under 2 climate change scenarios, RCP 4.5 and RCP 8.5. Historical apple meteorological data from various counties/districts in Shaanxi province over three decades as well as future meteorological data (2020-2099) from regional climate models were utilized. The main aims of this study were as follows: (1) to systematically analyze both the meteorological factors that affect the MY of apples in the base counties of Shaanxi province, as well as the effects of meteorological disasters on apple yield; (2) to construct a predictive model for the MY of apples and major climatic factors in the base counties/districts in the study region; (3) to use meteorological data generated from regional climate models to carry out the prediction of future (2020-2099) variation trends in apple yield for the apple-producing areas of Shaanxi province.
Materials and methods

Study area and meteorological conditions
Shaanxi's apple-producing areas are mainly located in hills and valleys of China's Loess . This region has a semiarid continental monsoon climate. Among these appleproducing areas, the Weibei fruit-producing region (including Xianyang, Tongchuan, Weinan, and Yan'an prefecture-level cities) and the Guanzhong fruit-producing region (mainly located in the city of Baoji) have a total of 28 apple-producing base counties. These areas have comprehensive apple yield and meteorological data series (Li 2013) . The annual mean temperatures of these base counties range from 9.2 to 13.8°C, annual rainfall ranges from 458.3 to 674.7 mm, and annual sunshine hours range from 1883 to 2514 h. The total area of apple orchards in these base counties is approximately 542,000 ha, and apple yield is 9.194 × 10 6 t, accounting for 84% and 95% of the apple cultivation area and yield, respectively, for the entire province. Meteorological data were obtained from the Shaanxi Meteorological Data Center and yield data are from the 1980-2015 Shaanxi Statistical Yearbook.
According to climate suitability and the risk of meteorological disasters (Li 2013; Wang 2012) , the 28 major appleproducing base counties can be divided into 3 regions (zones I, II, and III) ( Fig. 1 ). Zone I is located in the Beishan region and is the most suitable region for apple trees, zone II is located in the eastern section of the Weibei fruit-producing region, and zone III is located in the western section of the Guanzhong fruit-producing region (Fig. 1 ).
Data collection and processing
Climate change data
The data employed in the study are from the outputs of a simulation conducted by the Abdus Salam International Centre for Theoretical Physics (ICTP) regional climate model version 4 (RegCM4) (Chu Zheng and Zhao 2017). The RegCM4 is driven by the Chinese model of BCC_CSM1.1 which contributed to CMIP5. There is only one realization of BCC_CSM1.1, and it is used to derive the initial and time evolving lateral conditions at 6-hourly intervals needed to drive RegCM4. The RegCM4 domain covers continental China and surrounding areas with a grid spacing of 50 km.
As reported by previous studies (Giorgi et al. 2012; Xin et al. 2013; Zhou et al. 2014a ), BCC_CSM1.1 show reasonable performances in reproducing the present day climatology, as well as the time evolution and spatial pattern of the twentieth century warming. The warming projected in the twentyfirst century under RCPs is close to but slightly lower than the multimodel ensemble of CMIP5 models due to its lower climate sensitivity. To be more specific, the global mean warming trend under RCP4.5 and RCP8.5 of it during 2005-2099 are 1.44°C/95 year and 3.73°C/95 year, with the CMIP5 ensemble as 1.75°C/95 year and 4.09°C/95 year, respectively.
The RegCM series are among the most commonly used RCMs over East Asia and China (Flato et al. 2013; Gao and Giorgi 2017) . RegCM shows good performances in reproducing the present day climate over the region, characterized by the complex topography and unique monsoon climate systems. Furthermore, it may also project a different climate change signal compared to the driving GCMs due to its stronger topographic forcings.
In the simulations, three types of representative concentration pathway (RCP) of RCPrf (reference), RCP4.5, and RCP8.5 were considered, which consider detailed global carbon cycle and dynamic vegetation process. The pathway of RCPrf represents the contemporary scenario with a simulated time series of 1951-2005 and is primarily used for data assimilation. RCP4.5 represents the scenario that balances greenhouse gas emissions and economic development, with the highest priority on development. RCP8.5 stands for the highest pathway for greenhouse gas emissions. Both RCP4.5 and RCP8.5 have a simulated time series of 2006-2099.
Climatic data under the pathways of RCPrf, RCP4.5, and RCP8.5 were used in the study. After bias correction with contemporary scenario data and observations, daily weather data consisted of temperature (mean, maximum, and minimum), rainfall, solar radiation, and wind speed from 1961 to 2100 with a spatial resolution of 0.5°latitude by 0.5°l ongitude.
In this study, climate data were divided into 3 time periods: 1990 periods: -2019 periods: , 2020 periods: -2049 periods: , and 2050 periods: -2099 periods: . The 1990 periods: -2019 timespan was selected as the reference period. Two different RCP scenarios (RCP 4.5 and RCP 8.5) with different greenhouse gas (carbon dioxide) emissions were selected. These particular scenarios were selected because they better reflect the current socioeconomic conditions of radiative forcing and emissions. Climate data were used to calculate the regional climate change data in apple-producing areas in Shaanxi province for 140 years. The calculation process consisted of 2 major steps: spatial reduction and temporal expansion. In the first step, inverse distance weighing (IDW) interpolation and linear interpolation were used to interpolate the prediction values for daily climate variables from RCP grid points into the daily values for the 28 base counties in the study area (Guo et al. 2006) . Following that, the deviation correction methods for different climate variables at various sites were compared with the contemporary dataset under the RCP scenarios in order to confirm that the daily data obtained from every site were consistent with observation (Zhang 2005; Zhang 2007 ). Subsequently, the correction methods for the daily climate variables of the base counties were used for future (2006-2100) climate variable datasets under the RCP 4.5 and RCP 8.5 scenarios. In the second step, all of the climate variables included in the study were compiled into climate variable datasets with varying temporal scales, according to the study requirements. These datasets were primarily 10-day and monthly, with a minority of annual-scale datasets.
Calculation of MY
The trend yield of apples is intimately associated with tree age, irrigation conditions, and technology levels. Trend yield represents the effects of science and technology levels on apple yield. The trend yields of the 28 apple-producing base counties were fitted using 4 different methods, including 5year, 3-year, and 2-year moving averages, as well as quadratic polynomial fitting. The annual MY is the difference between the unit yield and the trend yield for the same year. The MY of the 28 apple-producing base counties were calculated using the aforementioned 4 methods by subtracting the trend yield series from the corresponding unit yield series (Xin et al. 2015; Wan et al. 2016) . Following that, a separation method for selecting the lowest standard deviation for the trend yield and unit yield time series of the previously described 4 methods was used to calculate the MY of the base counties in different years. After 2000, the unit yield levels and trend yield levels of apple-producing areas in Shaanxi province have gradually increased. Therefore, our study used the average trend yield in the apple-producing base counties from 2000 to 2009 as a baseline value for the trend yield. Then, the MY that was calculated from the RCP 4.5 and RCP 8.5 scenarios was used to calculate the 2000-2099 unit yield.
Analysis of climatic factors
Given the meteorological requirements for the growth of apple trees, climate resources, and meteorological disasters, we selected 88 salient climatic factors to study. These factors were used in different phenological stages (Table 1) , including germination (usually March), pollination (April), young fruit setting and initiation of physiological differentiation of flower buds (May), growth of young fruits (June and July), apple expansion (August and September), harvest (October), and dormancy (December through February of the following year).
This study required the solar radiation data from the base counties. However, long-series solar radiation meteorological observation data were only available for the Baota district of the Shaanxi apple-producing region. Therefore, the observed total solar radiation for that area was compared with theoretical calculation results in order to determine the equation parameters for monthly solar radiation in the apple-producing areas. The total monthly solar radiation data were calculated from astronomical radiation, relative sunshine hours, and radiation parameters in the base counties (Angstrom 1924 
In this equation, R s is solar radiation, n is the number of sunshine hours, N is the maximum possible sunshine hours, n/ N is the relative sunshine hours, R a is astronomical radiation, and a s and b s are radiation parameters that vary with atmospheric conditions and magnetic declination of the sun (latitude and month). 
Heat damage days:
Freezing in dormant period days:
In the Grey relational analysis is a multivariate objective statistical analysis method (Deng 1982 (Deng , 2002 that is widely used in cross-domain research between meteorology and agriculture (Yang et al. 2017; Zhao et al. 2017; Deng 1985) . In this study, we carried out grey relational analysis on the formation factors for MY. Our grey system consisted of the MY of apples in every base county plus the 88 meteorological factors. Every meteorological factor was taken to be a factor in the grey system. Grey T's correlation method was used for comprehensive analysis of the relationship between the meteorological factors and MY (Sun and Dang 2008) . During data processing, the annual MY time series in the 28 apple-producing base counties of Shaanxi province from 1980 to 2014 was used as the reference series. The time series from many years of data for the 88 meteorological factors were used as comparison series by county. The weighted average of the correlation coefficients of the time periods was defined as the degree of correlation between 2 time series. In this study, a program to calculate the degree of correlation between MY and climatic factors in the apple-producing base counties was written using MATLAB R2014b (Cao 2007 ).
Prediction methods for MY
A support vector machine (SVM) is a neural network method that yields outstanding prediction results (Corinna and Vladimir 1995) . This method was constructed on the basis of statistical learning theory and structural risk minimization. An SVM obtains the best compromise between complexity (learning precision towards specific training samples) and learning ability (ability to identify any sample without errors) based on limited sample information in order to obtain the best generalization. SVMs exhibit many unique advantages for solving problems with a small number of samples as well as non-linear problems. SVMs can also be used for pattern recognition and in function fitting. The SVM method has already been implemented in many classification and regression prediction studies (Papageorgiou et al. 2013; Wang et al. 2013) . In this study, we used the LIBSVM v3.22 software developed by Professor Chin-Jen Lin from National Taiwan University (Sun and Dang 2008) and incorporated a radial basis function kernel (William et al. 2007 ) to complete program improvements and the calculation of regression predictions in the MATLAB R2014b environment (http://www.csie.ntu.edu.tw/ cjIin/libsvm/). In this investigation, the annual MY of the stations under the RCP 4.5 and RCP 8.5 scenarios were obtained using SVM prediction for the 10 climatic factors with the highest grey correlations. Here, we used the prediction of MY in an apple-producing base county to describe the usage process of SVM neural networks. The 1982-2013 climatic factor dataset served as the input variable for the training function. The output variable was the MY of the corresponding total yield. The input and output variables were used to construct a regression model. The input variables for the predictive function were the climatic factors from 1991 to 2099 under the RCP 4.5 and RCP 8.5 scenarios. The constructed regression model and input variables were used to predict the output variables, which were the MY under different climate change scenarios. An SVM was used to predict monthly evaporation based on monthly precipitation, mean temperature, and mean wind speed (Feng et al. 2015) . For this calculation, monthly precipitation, mean temperature, and mean wind speed were the input variables and monthly evaporation was the output variable.
In this study, we employed an SVM to construct 75 regression prediction models, including 19 evaporation predictions and 56 MY predictions, under the 2 RCP scenarios. Prior to prediction, the input and output variables for the training function and predictive function underwent [0, 1] standardization. Following regression prediction, the output variables underwent inverse normalization. Standard deviation and the correlation coefficient for variance were used as indicators of prediction accuracy.
The theory of fuzzy information granulation (TFIG) was established on the basis of fuzzy logic and information granulation, with an essential mathematical underpinning (Zadeh 1979 (Zadeh , 1997 (Zadeh , 1998 . In order to analyze the variation trends and variation spaces of minimum values, mean values, and maximum values of MY for the base counties at different timepoints, we divided the yield series into 3 periods: 1990-2019 (the reference period), 2020-2049, and 2050-2099. The time window data for the different time periods were used for fuzzification. The fuzzy information granulation method (Zadeh 1997 ) was employed to differentiate the quantitative prediction results for MY from the 3 time periods into prediction intervals in order to carry out the prediction of the MY variation space for each time period. During the calculation, 3 years was taken as the time window unit. The program call and calculation were completed in the MATLAB R2014b environment.
Model calibration and assessment
Bilinear interpolation was used on the RCP 4.5 and RCP 8.5 meteorological data. After the grid data were corrected for the site data of the base counties, error correction was carried out for the climatic factors of every base county in order to eliminate the systematic errors that are present in climate model simulation results (Zhou et al. 2014b ). An SVM was used on the corrected 1982-2013 climatic factors from the base counties under the RCP 4.5 and RCP 8.5 scenarios to predict MY and correction was carried out using either Eq. (2) or (3). 1982; 1983; :::2099; j ¼ 1982; 1983; :::2013 ð2Þ 1982; 1983; :::2099; j ¼ 1982; 1983; :::2013 
In these equations, Z i , X i , and Y j are the meteorological yields that were corrected, predicted, and calculated using yield separation methods, respectively.
The correlation coefficient, standard deviation, and model efficiency (E; Eq. (4)) between the corrected value and the MY that was calculated using yield separation methods for the same period were used in order to assess the reliability of the prediction results. For the same base county, the same method was used for the correction of predicted value from 2014 to 2099. 1982; 1983; :::2013 ð4Þ In this equation, Y is the mean MY for 1982-2013. When an SVM is used to predict monthly evaporation from the evaporating dish, Y j is the observed value, X i is the predicted value, Z i is the corrected value, and Y is the observed mean. The correction method and model efficiency are the same as those used for the MY. Usually, the smaller the standard deviation, the lower the error between 2 column values. When E ≥ 0, the corrected predicted value will be better than the mean value that was differentiated from the unit yield. When E approaches 1, the accuracy of the predicted value is extremely high.
Results
Annual changes in MY
During the period 1983-2012, the MYof apples from the base counties in Shaanxi province ranged from − 2.6 to 3.5 t/ha, accounting for − 46.1 to 39.3% of the unit yield. The standard deviations of the entire Shaanxi province, as well as the individual yields of zones I, II, and III during the 30-year period were 0.4, 0.33, 0.99, and 1.16, respectively (Fig. 2) . During the three decades from 1983 to 2012, there were 11 years with positive values in Shaanxi province and the 3 zones; 1997 was the only year with a negative value. Annual changes in yield from 1997 to 2017 were the most significant. The number of years with value less than 0 was greatest in zone III, followed by zone II, and then zone I. Since the annual changes in MY for the 3 main apple-producing areas in some years were not synchronous, the annual changes in total MY of apples in the entire province were relatively stable.
Major climatic factors that affect the MY of apples in the base counties
Grey relational analysis between MY and the climatic factors for the 28 base counties in Shaanxi province showed that the frequency of the summer climatic factors was significantly higher than the frequencies of the other 3 seasons (Table 2) . Among the climatic factors that affect MY, the frequency of meteorological disasters was relatively low. In addition, the factors affecting MY varied from one apple-producing area to another. In the table, T 2 is a major factor affecting all 3 apple-producing zones, while T max4 and T 10 mainly affect zones I and III, and E 4 only affects zone I.
Future changes in the MY of Shaanxi apple-producing areas
SVM model calibration and validation
The SVM model calibration and validation results demonstrated that the mean standard deviation for the predicted values in the corrected evaporation model was 10.4 and the model efficiency was 0.81. Since the constructed model reasonably reproduced evaporation dynamics and trends, the calculated evaporation values from the RCP 4.5 and RCP 8.5 scenarios can be used as input variables for the prediction of apple yield. Under the RCP 4.5 and RCP 8.5 scenarios, the regression slope of the predicted MY values after correction and separated values in 26 of the 28 base counties approached 1 and the mean correlation coefficient was 0.94. The standard deviation ranged from 0.22 to 3.5 t/ha, with a mean of 1.1 t/ha. Under the RCP 4.5 scenario, E ranged between − 0.667 and 1.0, with a mean of 0.82. This indicates that the model can explain 82% of the prediction results. Under the RCP 8.5 scenario, E ranged between − 0.421 and 1.0, with a mean of 0.84. This indicates that the model can explain 84% of prediction results. (zone III) decreased slightly, with a yield reduction ranging from − 0.32 to − 0.01 t/ha 100/a (Table 3) . Counties with significant yield reduction were Yanchang (zone I) and Hancheng (zone II), with yield reductions of − 1.13 and − 0.99 t/ha 100/a, respectively. Counties with significant yield increases were Fuping (zone II) and Qishan (zone III), with yield increases of 1.4 and 2.0 t/ha 100/a, respectively. The remaining 15 base counties showed no or slightly increased yields, with yield increases ranging from 0.01 to 0.77 t/ha 100/ a. Under the RCP 8.5 scenario, the MY in Ansai, Luochuan, Binxian, Yongshou, Yaozhou, Yichuan, and Fuxian (zone I); Hancheng (zone II); and Fufeng and Liquan (zone III) decreased slightly, with yield reductions ranging from − 0.84 to − 0.05 t/ha 100/a. Counties with significant yield reduction were Chunhua and Xunyi (zone I), with yield reduction of − 2.04 and − 1.99 t/ha 100/a, respectively. Counties with significant yield increases were Baota and Longxian (zone I), Fuping (zone II), and Qishan (zone III), with yield increases of 1.17, 1.13, 2.15, and 3.89 t/ha 100/a, respectively. The remaining 12 base counties showed no or slightly increased yields, with yield increases ranging from 0.01 to 0.85 t/ha 100/ a. Under the RCP4.5 and RCP 8.5 climate change scenarios, the prediction results for the 1990-2099 MYof apples showed that Ansai, Luochuan, Bingxian, Yongshou, Chunhua, and Yaozhou (zone I); Hancheng (zone II); and Fuping (zone III) all experienced yield reductions, while Baota, Changwu, Baishui, Longxian, and Fengxiang (zone I); Pucheng, Chengcheng, Heping, and Fuping (zone II); and Chencang and Qishan (zone III) all experienced yield increases. Fuping (zone II) and Qishan (zone III) both had significantly increased yields and therefore are the counties with yield increase potential associated with climate change. At the same time, yield changes under the RCP 4.5 scenario were relatively subtle and yield changes in many counties under the RCP 8.5 scenario were greater than those of the RCP 4.5 scenario. Table 2 Climatic factors for the 28 base counties in Shaanxi province that are consistent with MY (1982 MY ( -2013 . In the table, the correlation relationships between climatic factors were determined using variance tests
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Annual prediction analysis for fuzzy information granulation time windows
During 1990-2019 (the reference period), 2020-2049, and 2050-2099 MY time window prediction periods, the maximum values for MY in the base counties under the RCP 4.5 scenario fell within the ranges of 0.10-2.77, − 0.11-3.95, and − 0.54-4.23 t/ha, respectively. The mean values for these 3 time periods were 0.72, 0.66, and 0.75 t/ha, respectively ( Fig. 3a-c) . Under the RCP 8.5 scenario, the maximum values fell within the ranges of − 0.18-3.41, − 0.21-4.1, and − 1.77-4.84 t/ha, respectively. The mean values for these 3 time periods were 0.96, 0.78, and 0.77 t/ha, respectively. Under the RCP 4.5 scenario, the mean values for the base counties fell within the ranges of − 0.31-2.34, − 0.53-2.48, and − 0.73-3.36 t/ha, respectively. The mean values for the 3 time periods were 0.24, 0.35, and 0.5 t/ha, respectively ( Fig. 3d-f ). Under the RCP 8.5 scenario, the mean values fell within the ranges of − 0.81-2.1, − 0.48-2.91, and − 1.46-3.07 t/ha, respectively.
The mean values for the 3 time periods were 0.22, 0.48, and 0.51 t/ha, respectively. Under the RCP 4.5 scenario, the minimum MY for the base counties fell within the ranges of − 4.39-1.76, − 1.22-2.32, and − 3.28-2.29 t/ha, respectively. The means for the 3 time periods were − 0.65, − 0.01, and − 0.05 t/ha, respectively ( Fig. 3g-i) . Under the RCP 8.5 scenario, the minimum values fell within the ranges of − 6.47-1.7, − 4.99-2.22, and − 1.87-2.23 t/ha, respectively. The mean values for the 3 time periods were − 0.89, − 0.46, and 0.01 t/ ha, respectively.
Prediction of yield per unit area
Under the RCP 4.5 scenario, the unit yields in the base counties from 2000 to 2099 ranged from 1.75 to 27.08 t/ha, with a mean unit yield of 14.14 t/ha. The unit yields for zone I ranged from 1.75 to 20.66 t/ha, with a mean unit yield of 9.58 t/ha. The unit yields for zone II ranged from 8.46 to 19.37 t/ha, with a mean unit yield of 13.6 t/ha. The unit yields for zone III ranged from 8.6 to 27.08 t/ha, with a mean unit yield of 19.24 t/ha. Under the RCP 8.5 scenario, the unit yields in the base counties from 2000 to 2099 ranged from 1.54 to 27.08 t/ha, with a mean unit yield of 14.12 t/ha. The unit yields for zone I ranged from 1.54 to 20.66 t/ha, with a mean unit yield of 9.48 t/ha. The unit yields for zone II ranged from 8.46 to 21.37 t/ha, with a mean unit yield of 13.75 t/ha. The unit yields for zone III ranged from 8.0 to 27.08 t/ha, with a mean unit yield of 19.13 t/ha.
Analysis of predicted unit yield variation
Under the RCP 4.5 and RCP 8.5 scenarios, the predictions of annual maximum and mean values for MY in the fuzzy information granulation time windows for the base counties showed that the maximum values from 2020 to 2049 and 2050 to 2099 were all higher than those of the reference period and the minimum values were all lower than the corresponding values during the reference period. Minimum value predictions showed that the maximum values and minimum values from 2020 to 2049 and 2050 to 2099 were all higher than those of the reference period. Under the RCP 4.5 scenario, when the 2020-2049 period was compared with the reference period, the variations of unit yield in zones I, II, and III ranged from − 0.64 to 0.23 t/ha, − 1.44 to 0.43 t/ha, and − 0.07 to 1.63 t/ha, respectively (Fig. 4a ). When the 2050-2099 period was compared with the reference period, the variations of unit yield in zones I, II, and III ranged from − 0.96 to 0.48 t/ha, − 1.18 to 0.71 t/ha, and − 0.01 to 1.85 t/ha, respectively (Fig.  4b) . Under the RCP 8.5 scenario, when the 2020-2049 period was compared with the reference period, the variations of unit yield in zones I, II, and III ranged from − 2.43 to 0.95 t/ha, − 1.39 to 0.19 t/ha, and − 0.08 to 1.02 t/ha, respectively (Fig.  4c) . When the 2050-2099 period was compared with the reference period, the variations of unit yield in zones I, II, and III ranged from − 2.12 to 1.06 t/ha, − 0.96 to 1.18 t/ha, and − 0.16 to 2.78 t/ha, respectively (Fig. 4d ).
Discussion
Grey relational analysis of MYand climatic factors can determine the magnitude of the effects of different factors on yield during different years. The analysis results for the apple-producing base counties in Shaanxi province showed that temperature, precipitation, wind speed, evaporation, solar radiation, and active accumulated temperature are all climatic factors that are intimately associated with the MY of apples in this region. When the time periods that were affected by the aforementioned factors were coupled with the characteristics of apple growth stages for analysis, the results showed that the flowering and pollination stages are important meteorologically sensitive stages. The meteorological factors T 4 , T max4 , W 4 , E 4 , and R 4 have significant effects on the start time and duration of flowering, pollination, and fertilization. During the stage when young fruit cells are proliferating, P 5 significantly promotes the increase in the number of young apple cells. At the same time, since P 5 is conducive for cell division, this factor proves to be a physiological basis for apple yield. T max6 and E 7 are beneficial to the growth and expansion of apple fruits, while P 8 promotes an increase in cell volume, thereby increasing the weight of single fruits. T 2 , T min2 , and P 2 have significant effects on MY. During the coloring and maturation phase in apples, T 10 also has significant effects on MY. AT 10 and AT 20 appear during the tree growth season and fruit growth phase and significantly influence the MY of apples.
In this study, we systematically analyzed the combination of climatic factors that affects MY in the apple-producing base counties of China's Loess Plateau. We refined the climatic factors that affect apple yield determined by Fujisawa and Kobayashi (2011) to 10-day and monthly factors. Our research results on climatic factors are consistent with those of a previous study by Eccel et al. (2009) , with both studies indicating that spring climatic factors are more important for yield than other seasonal factors. In this study, the meteorological factors that impact yield are more comprehensive and provide a more complete and reliable explanation for 1990-2019, h 2020-2049, and i 2050-2099 formation mechanisms of fruit yield than the studies of Aggelopoulou et al. (2011) and Papageorgiou et al. (2013) , both of which only used the distribution and density of flowering in spring apple trees to predict yield.
When studying the responses of apple tree yield to climate change, many meteorological factors were taken as driver variables and combined using non-linear relationships in order to analyze the variation trends in MY and unit yield in appleproducing base counties in Northwest China. An SVM was utilized for the prediction of MY in 93% (26 of 28) of the base counties in Shaanxi province under the 2 climate change scenarios of RCP 4.5 and RCP 8.5. The predicted values were all extremely close to the MY, and the SVM mean predictive performances all exceeded 82%, with an error range of 16-18%. Therefore, the overall performance of the SVM was good and demonstrates that it is feasible to employ SVM methods for the prediction of apple yield in Shaanxi province. The prediction precision for the MY of apples under the RCP 8.5 scenario was 2% higher than the precision of RCP 4.5, indicating better prediction results. However, under the RCP 4.5 scenario, the differences between the predicted values for Xunyi and Qishan (7%) were more significant; under the RCP 8.5 scenario, the differences between the predicted value for Yijun and Qishan (7%) were more significant. Thus, the yield predictions for Xunyi, Yijun, and Qishan may require other methods.
Therefore, taking into account the effects of future climate change, we recommend that developmental policies for the apple industry in China include the expansion of apple cultivation areas and industry scale in base counties showing clear trends of increased apple yield. Importantly, apple crops in base counties with significant meteorological disaster potential can be converted to varieties that have a strong resistance to disaster, while base counties with significant yield reduction trends should focus on improving quality and efficiency in order to enhance economic benefits.
As a final caveat, we only used one RCM outputs and one realization only as the data source due to data availability in the present. As widely known, multimodel ensembles are very important to address and reduce the uncertainties in future climate change projections. Recently, multi-GCM-driven RCM and multi-GCM-driven multi-RCM simulations have been carried out or planned over the region (Gao et al. 2018 ). We will conduct further studies based on these simulations soon after the data become available for the community.
Conclusions
Analysis of the major climatic factors showed that the effects of temperature, wind speed, precipitation, evaporation, and active accumulated temperature on MY decrease in that order. Among the 10-day and monthly climatic factors that affect the MY of apples, the frequency of climate resources is greater than that of meteorological disasters. There are more and broader climate resource factors compared to disaster factors that affect MY. Spring climatic conditions are more important for MY than the climatic conditions of the other 3 seasons.
The prediction results showed that under the 2 climate change scenarios (RCP4.5 and RCP 8.5) extending through the year 2099, the positive effects of climate change on the MY of apples in Shaanxi province proved to be greater than the negative effects. The variation range for the MY of apples from 2020 to 2049 and 2050 to 2099 will be higher than that of the reference period . Under future climate change scenarios, fluctuations in the MY of apples will be greater and annual uncertainty in MY will become more significant. When the period 2050-2099 was compared with 2020-2049, fluctuations and uncertainty were found to be enhanced.
